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Despite the long history of modelling human mobility, we continue to lack a highly accurate ap-
proach with low data requirements for predicting mobility patterns in cities. Here, we present a
population-weighted opportunities model without any adjustable parameters to capture the under-
lying driving force accounting for human mobility patterns at the city scale. We use various mobility
data collected from a number of cities with different characteristics to demonstrate the predictive
power of our model. We find that insofar as the spatial distribution of population is available, our
model offers universal prediction of mobility patterns in good agreement with real observations,
including distance distribution, destination travel constraints and flux. In contrast, the models that
succeed in modelling mobility patterns in countries are not applicable in cities, which suggests that
there is a diversity of human mobility at different spatial scales. Our model has potential applica-
tions in many fields relevant to mobility behaviour in cities, without relying on previous mobility
measurements.
I. INTRODUCTION
Predicting human mobility patterns is not only a
fundamental problem in geography and spatial eco-
nomics [1]; it also has many practical applications in ur-
ban planning [2], traffic engineering [4, 5], infectious dis-
ease epidemiology [5–7], emergency management [8–10]
and location-based service [11]. Since the 1940s, many
trip distribution models [2–4, 7, 8, 14, 18] have been pre-
sented to address this challenging problem, among which
the gravity model is the prevailing framework [2]. Despite
its wide use in predicting mobility patterns at different
spatial scales [19–22], the gravity model relies on specific
parameters fitted from systematic collections of traffic
data. If previous mobility measurements are lacking, the
gravity model is not applicable. A similar limitation ex-
ists in all trip distribution models that rely on context-
specific parameters, such as the intervening opportunity
model [3], the random utility model [14] and others.
Quite recently, the introduction of the radiation
model [7] has provided a new insight into the long history
of modelling population movement. The model is based
on a solid theoretical foundation and can precisely repro-
duce observed mobility patterns ranging from long-term
migrations to inter-county commutes. Surprisingly, the
model needs only the spatial distribution of population
as an input, without any adjustable parameters. Never-
theless, some evidence has demonstrated that the radi-
ation model may be not applicable to predicting human
mobility at the city scale [9, 24]. Understanding mobil-
ity patterns in cities is of paramount importance in the
sense that cities are the foci of disease propagation, traffic
congestion and pollution [6, 25], partly resulting from hu-
man movement. These problems can be resolved through
∗ wenxuwang@bnu.edu.cn
developing more efficient transportation systems and op-
timising traffic management strategies, all of which de-
pend on our ability to predict human travel patterns in
cities [26]. Despite the success of the radiation model
in countries, we continue to lack an explicit and com-
prehensive understanding of the underlying mechanism
accounting for the observed mobility patterns in cities.
We argue that this is mainly ascribed to the relatively
high mobility of residents in cities compared to larger
scales, such as travelling among counties. Inside cities,
especially metropolises, high development of traffic sys-
tems allow residents to travel relatively long distance to
locations with more opportunities and attraction. In this
sense, the models that are quite successful in reproduc-
ing mobile patterns at large spatial scales fail at the city
scale. Yet, revealing the underlying driving force and re-
strictions for such mobility to predict mobile patterns in
cities remains an outstanding problem.
In this paper, we develop a population-weighted op-
portunities model without any adjustable parameters as
an alternative to the radiation model to predict human
mobility patterns in a variety of cities. Insofar as the dis-
tribution of population in different cities are available,
our model offers universal prediction of human mobil-
ity patterns in several cities as quantified by some key
measurements, including distance distribution, destina-
tion travel constraints and flux. In contrast, the models
that succeed in predicting mobility patterns at large spa-
tial scales, such as countries, are inappropriate at the city
scale because of the underestimation of human mobility.
Our approach suggests the diversity of human mobility
at different spatial scales, deepening our understanding
of human mobility behaviours.
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FIG. 1. Human mobility range at city scale. (a-c) Spatial distributions of destination selections for travelling from a downtown
location (displayed as a diamond-shaped dot) in Beijing. (d-f) Spatial distributions of travel from a suburban location. From
left to right, the panels correspond to the results generated by the radiation mode, the observed data and the results generated
by the PWO model. The colour bar represents the number of travellers from the origin to a destination. The inset offers
definitions of variables used in the model, in which the purple circle (location i) denotes an origin with population mi, the
blue circle (location j) stands for a destination with population mj and Sji represents the total population in a circular area
of radius rji centred at location j (including mi and mj).
II. RESULTS
A. Population-weighted opportunities model
The model is derived from a stochastic decision making
process of individual’s destination selection. Before an in-
dividual selects a destination, s/he will weigh the benefit
of each location’s opportunities. The more opportunities
a location has, the higher the benefit it offers and the
higher the chance of it being chosen. Although the num-
ber of a location’s opportunities is difficult to straight-
forwardly measure, it can be reflected by its population.
Insofar as the population distribution is available, it is
reasonable to assume that the number of opportunities
at a location is proportional to its population, analogous
to the assumption of the radiation model [7].
In contrast to the radiation model’s assumption that
individuals tend to select the nearest locations with rela-
tively larger benefits, we enlarge the possible chosen area
of individuals to include the whole city regarding the rel-
atively high mobility at the city scale. As shown in fig-
ure 1, our assumption leads to much better prediction
than that of the radiation model. Nevertheless, the pos-
sibility of travel in the observed data still decays as the
distance between origin and destination increases. Such
decay, as predicted by different models and common in
real observations, results from the reduction of attraction
associated with a type of cost. For example, the gravity
model [2] assumes that the attraction of a destination,
i.e., its opportunities, is reduced according to a function
of the distance from the origin. However, the distance
function inevitably includes at least one parameter. To
capture the mobility behaviours and avoid adjustable pa-
rameters, we simply assume that the attraction of a des-
tination is inversely proportional to the population Sji
in the circle centred at the destination with radius rij
(the distance between the origin i and destination j, as
illustrated in the inset of figure 1), minus a finite-size
correction 1/M , i.e.,
Aj = oj(
1
Sji
−
1
M
) (1)
where Aj is the relative attraction of destination j to
travellers at origin i, oj is the total opportunities of des-
tination j and M is the total population in the city. Fur-
ther, assuming that the probability of travel from i to j
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FIG. 2. Travel distance distributions Pdist(r) produced by
the radiation model and the PWO model in comparison with
empirical data. Four cities, (a) Beijing, (b) Shenzhen, (c)
Abidjan and (d) Chicago, are studied. Here, Pdist(r) is defined
as the probability of travel between locations at distance r.
is proportional to the attraction of j and recalling the
assumption that the number of opportunities oj is pro-
portional to the population mj , we have the travel from
i to j as
Tij = Ti
mj(
1
Sji
− 1
M
)
∑N
k 6=imk(
1
Ski
− 1
M
)
, (2)
where Ti is the trips departing from i and N is the num-
ber of locations in the city.
The presented model reflects the effect of competi-
tion for opportunities among potential destinations: for
a traveller at origin i travelling to a potential destination
j, more population between i and j will induce stronger
competition for limited opportunities, so that the proba-
bility of being offered opportunities will be lower. In this
regard, it is reasonable to assume that the attraction of a
destination for a traveller is the destination’s opportuni-
ties inversely weighted by population between the desti-
nation and the origin. We therefore name our model the
population-weighted opportunities model (PWO). We will
then demonstrate the universal predictability of mobility
patterns in cities via the PWO model through a variety
of real travel data in several cities.
B. Predicting mobility patterns
To validate the PWO model by comparison with the
performance of the radiation model(see details in Mate-
rials and methods, The radiation model), we em-
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FIG. 3. Comparing the destination travel constraints of the
radiation and the PWO models with real data. Four cities are
explored as representative cases: (a) Beijing, (b) Shenzhen,
(c) Abidjan and (d) Chicago. Pdest(m) is the probability of
travel towards a location with population m.
ploy human daily travel data from four cities collected
by GPS, mobile phone and traditional household surveys
(see details in Materials and methods, Data sets
and Data preprocessing).
Figure 1 exemplifies travel from a downtown and a sub-
urban location in Beijing predicted in an intuitive manner
by the PWO model and the radiation model in compari-
son with real data. It shows that the radiation model un-
derestimates the travel areas in both cases, whereas the
travel patterns resulting from our model are quite con-
sistent with empirical evidence, demonstrating the rela-
tively higher mobility in cities than at larger spatial scales
where the radiation model succeeds, such as countries.
We systematically investigate the travel distance dis-
tribution obtained by both models based on real data.
Travel distance distribution is an important statistical
property to capture human mobility behaviours [27–29]
and reflect a city’s economic efficiency [1]. We find that,
as shown in figure 2, the distributions of travel distance
predicted by the PWO model are in good agreement with
the real distributions. In contrast, the radiation model
underestimates long-distance (longer than approximately
2 km) travel in all cases. This implies that the assump-
tion of the radiation model is inappropriate at the city
scale by precluding individuals from choosing relatively
long travels to find better locations with more oppor-
tunities. The success of the PWO model in predicting
real travel distance distributions in cities provides strong
evidence for the validity of its basic assumptions.
We next explore the probability of travel towards a
location with population m, say, Pdest(m), for both ob-
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FIG. 4. Comparing the observed fluxes with the predicted fluxes in four cities. (a-d) Travel fluxes predicted by the PWO
model. (e-h) Travel fluxes predicted by the radiation model. The grey points are scatter plot for each pair of locations. The
blue points represent the average number of predicted travels in different bins. The boxplots, obtained via standard statistical
methods [30], represent the distribution of the number of predicted travels in different bins of the number of observed travels.
A box is marked in green if the line y = x lies between 10% and 91% in that bin and in red otherwise.
served data and the predictive models. Pdest(m) is a key
quantity for measuring the accuracy of origin-constrained
mobility models (the radiation model and PWO model
used here are both origin-constrained), because origin-
constrained models cannot ensure the agreement between
modelled travel to a location and real travel to the same
location [5]. In figure 3, we can see that our model equally
or better predicts empirical observations compared to the
radiation model.
A more detailed measure of a model’s ability to pre-
dict mobility patterns can be implemented in terms of
the travel fluxes between all pairs of locations produced
by a model in comparison with real observations, as has
been used in Ref. [7]. As shown in figure 4, we find
that—excepting the case of Abidjan—the average fluxes
predicted by the radiation model deviate from the real
fluxes, whereas the results from the PWO model are in
reasonable agreement with real observations.
Note that the boxplot method used here cannot allow
an explicit comparison to distinguish the performance of
the two models. For example, in figure 4(e), although
the results deviate from the empirical data significantly,
the boxes are still coloured green, suggesting the need of
an alternative statistical method. Thus we exploit the
Sørensen similarity index [31] (see details in Materials
and methods, Sørensen similarity index) to quan-
tify the degree of similarity with real observations to offer
a better comparison. We have also applied both mod-
els to six European cities and another four U. S. cities
to make a more comprehensive comparison (details are
available in the Supplementary Material, Section S1
and S2). The results are shown in figure 5. For all stud-
ied cases, our model outperforms the radiation model and
exhibits relatively high index values, say, approximately
0.7, indicating that the PWO model captures the under-
lying mechanism that drives human movement in cities.
III. DISCUSSION
We developed a population-weighted opportunities
model as an alternative to the radiation model to repro-
duce and predict mobile behaviours in cities with differ-
ent sizes, economic levels and cultural backgrounds. Our
model needs only the spatial distribution of population
as an input, without any adjustable parameters. The
mobility patterns resulting from the model are in good
agreement with real data with respect to travel distance
distribution, destination travel constraints and flux, sug-
gesting that the model captures the fundamental mech-
anisms governing human daily travel behaviours at city
scale.
The radiation model, despite having the advantage of
being parameter-free and performing well at large spa-
tial scale, cannot offer satisfactory predictions of mobility
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FIG. 5. Comparison between the prediction ability of the
PWO and the radiation model in terms of Sørensen similarity
index (SSI). SSI is calculated from Eq. (4). 14 cities around
the world are studied.
patterns at the city scale. The problem lies in the un-
derestimation of the relatively high mobility at the city
scale. In particular, the radiation model assumes that
limited mobility prevents people from selecting a farther
location with more opportunities to gain more benefits
than a nearby location. This assumption is reasonable
at the inter-city scale, but inappropriate in cities. The
PWO model can successfully overcome this problem by
assuming the attraction of a potential destination is in-
versely proportional to its population, which results from
competition for opportunities in the whole city. Insofar
as only population distribution is available, our model
presently offers the best prediction of mobility patterns
at the city scale, significantly deepening our understand-
ing of human mobility in cities and demonstrating the
universal predictability of mobility patterns at the city
scale.
We have also compared the PWO model with three
classical parameterised models: the gravity model [2],
the intervening opportunity model [3] and the rank-based
model [4] (see details in the Supplementary Material,
Section S3). Although in rare cases the parameterised
models can yield better predictive accuracy than the
PWO model, their parameter-dependence nature limits
their scope to the cases with particular previous system-
atic mobility measurements and relatively stable mobility
patterns. The PWOmodel, without such limitations, has
much more predictive power. By exploring the relation-
ship between all the previous models and our PWOmodel
(see details in the Supplementary Material, Section
S4), we find that although these models have different
hypotheses, they share an underlying mechanism: the
probability that an individual selects a location to travel
is decreased along with the increment of some prohibitive
factors (distance or population). The key difference lies
in that the gravity model, the intervening opportunity
model and the rank-based model need adjustable param-
eters to quantify the decrement, whereas the decrement
is naturally determined by population distribution in the
radiation model and the PWO model.
It is noteworthy that despite the advantages of the
PWO model in predicting mobility patterns at the city
scale, the predictability could be improved further. The
travel matrices established by the model share approx-
imately 70% common part with the real data (see fig-
ure 5). Although such accuracy can suffice for the re-
quirements in many areas of applications, e.g., in urban
planning and epidemic modelling [32], it is still below the
average upper limit of the predictability of human mo-
bility [26]. In principle, the PWO model is essentially a
type of aggregate travel model [5] based on the collec-
tive behaviours of groups of similar travellers, whereas
the diversity of real individuals’ behaviours [33, 34] is
in contrast to the assumptions of aggregate models, ac-
counting for their inaccuracy in reproducing and predict-
ing movement patterns. Microscopic mobility models,
such as agent-based models [35–39]may offer better pre-
diction of mobility patterns as an alternative but suffer
from much higher computational complexity. Therefore,
an efficient macroscopic mobility model taking the diver-
sity of individual behaviours into account would be worth
pursuing in the future to further deepen our understand-
ing of human mobility.
IV. MATERIALS AND METHODS
A. Data sets
(1) Beijing taxi passengers. This data set is the travel
records of taxi passengers in Beijing in a week [40]. When
a passenger gets on or gets off a taxi, the coordinates
and time are recorded automatically by a GPS-based de-
vice installed in the taxi. From the data set we extract
1,070,198 taxi passengers travel records. Some evidence
indicates that in Beijing, the average travel distance of
taxi passengers is similar to the commuting distance [41]
and the spatial distribution of taxi passengers is similar
to that of populations [42]. Thus the taxi passengers data
can capture the travel pattern of urban residents to some
extent, although taxi passengers only constitute a small
subset of the population in a city.
(2) Shenzhen taxi passengers. The Shenzhen taxi pas-
senger tracker data has the same data format as that of
Beijing. The data set records 2,338,576 trips by taxi pas-
sengers in 13,798 taxis in Shenzhen from 18 Apr. 2011
to 26 Apr. 2011.
(3) Abidjan mobile phone users. The data set con-
tains 607,167 mobile phone users’ movements between
381 cell phone antennas in Abidjan, the biggest city of
Ivory Coast, during a two-week observation period [43].
Each movement record contains the coordinates (longi-
tude and latitude) of the origin and destination. The
data set is based on the anonymised Call Detail Records
6−80 −40 0 40 80
−80
−40
0
40
80
D
is
ta
n
ce
(k
m
) Beijing(a)
−60 −30 0 30 60
−60
−30
0
30
60
Shenzhen(b)
−20 −10 0 10 20
Distance(km)
−20
−10
0
10
20
D
is
ta
n
ce
(k
m
) Abidjan(c)
−80 −40 0 40 80
Distance(km)
−80
−40
0
40
80
Chicago(d)
10−4
10−3
10−2
Φpop
FIG. 6. Zone partition and population density distribution
in four cities. (a) Beijing with 3,025 zones, (b) Shenzhen
with 1,634 zones, (c) Abidjan with 219 zones and (d) Chicago
with 1,406 zones. The density function Φpop(i) represents the
probability of finding travel starting from zone i.
(CDR) of phone calls and SMS exchanges between five
million of Orange Companys customers in Ivory Coast.
To protect customers’ privacy, the customer identifica-
tions have been anonymised by Orange Company.
(4) Chicago travel tracker survey. Chicago travel
tracker survey was conducted by the Chicago Metropoli-
tan Agency for Planning during 2007 and 2008, which
provides a detailed travel inventory for each mem-
ber of 10,552 households in the greater Chicago
area. The survey data are available online at
http://www.cmap.illinois.gov/travel-tracker-survey. Be-
cause some participants provided one-day travel records
but others provided two-days, to maintain consistency,
we only extracted the first-day travel records from the
data set. The extracted data include 87,041 trips, each
of which includes coordinates of the trip’s origin and des-
tination.
B. Data preprocessing
The raw travel data of four cities contain latitude and
longitude coordinates of each travellers origin and des-
tination. The raw data cannot be immediately used in
mobility models. Alternatively, we used coarse-grained
travel data through partitioning a city into a number of
zones, each of which corresponds to a location in the liter-
ature [5]. Because of the absence of natural partitions in
cities (in contrast to states or counties), we simply parti-
tion all cities into equal-area square zones, each of which
is of dimension 1 km × 1 km. Figure 6 shows the zone
partition results and the number of zones in four cities.
We assign an origin (or destination) zone ID to each trip
if its origin (or destination) falls into the range of that
zone. Then, we can accumulate the total number Ti of
trips departed from an arbitrary zone i, and the total
number Tij of trips from zone i to zone j. In general, the
number of trips departed from a zone is proportional to
the population of the zone [7]. The spatial distributions
of population density estimated from travel data in the
four cities are shown in figure 6.
C. The radiation model
The radiation model [7] is a parameter-free model to
predict travel fluxes among different locations based on
population distribution:
Tij = Ti
mimj
(mi + sij)(mi +mj + sij)
, (3)
where Tij is the trips departing from location i to loca-
tion j, Ti is the total trips departing from location i, mi
is the population at location i, mj is the population at
location j, sij is the total population in the circle of ra-
dius rij centred at location i (excluding the origin i and
destination j).
D. Sørensen similarity index
Sørensen similarity index is a statistic tool to iden-
tifying the similarity between two samples. It has
been widely used for dealing with ecological community
data [31]. Ref. [18] used a modified version of the index
to measure whether real fluxes are correctly reproduced
(on average) by mobility prediction models, defined as
SSI ≡
1
N2
N∑
i
N∑
j
2min(T
′
ij , Tij)
T
′
ij + Tij
, (4)
where T
′
ij is the travels from location i to j predicted by
models and Tij is the observed number of trips. Obvi-
ously, if each T
′
ij is equal to Tij the index is 1; if all T
′
ijs
are far from the real values, the index is close to 0.
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8Supplementary Material
S1. APPLYING THE PWO MODEL TO SIX
EUROPEAN CITIES
A. Data collection and preprocessing
We use Gowalla check-ins data set [S1] (downloaded
from http://snap.stanford.edu/data/loc-gowalla.html)
to test the performance of our population-weighted
opportunities (PWO) model in predicting the mobility
patterns in European cities. Gowalla is a location-based
social networking website in which users share their
locations through checking-in. The data set includes
in total 6,442,890 check-ins of users over the period of
Feb. 2009 - Oct. 2010. For the data set we define a
trip of a user’s by his/her two consecutive check-ins at
different locations. If a trip’s origin and destination are
both in same city, we classify the trip to inner-city trips.
Based on the data, we sort out inner-city trips in six
European cities that have a sufficient number of Gowalla
users, including London (UK), Berlin (German), Prague
(Czech), Oslo (Norway), Copenhagen (Denmark) and
Goteborg (Sweden). Table S1 shows the number of trips
in each city. According to the methods presented in sec-
tion Materials and methods, Data preprocessing
in the main text, we partition each city into equal-area
square zones, each of which is of 1 km2. Figure S1 shows
the zone partition results and the population density
distribution of the six cities.
TABLE S1. Data summary of six European cities.
City Number of Trips Number of Zones
London 49,323 986
Berlin 18,504 494
Prague 10,066 268
Oslo 11,464 88
Copenhagen 10,022 364
Goteborg 67,438 422
B. Prediction results
We compare the travel distance distributions and the
travel fluxes between all pairs of locations produced by
the PWOmodel and the radiation model. The results are
respectively shown in figure S2 and figure S3, in which we
can see that the predictions of the PWOmodel, including
the distributions of travel distance and the travel fluxes
between all pairs of locations are in good agreement with
real observations, whereas the radiation model’s results
deviate from the real data.
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FIG. S1. The zone partition and population density
distribution of six European cities. (A) London. (B)
Berlin. (C) Prague. (D) Oslo. (E) Copenhagen. (F) Gote-
borg. The density function Φpop(i) represents the probability
of finding a travel started from zone i.
S2. APPLYING THE PWO MODEL TO FOUR
ADDITIONAL U. S. CITIES
A. Data collection and preprocessing
We collected travel survey data from the
Metropolitan Travel Survey Archive website
(http://www.surveyarchive.org/), which records more
than 40 U. S. cities’ travel survey archives. Most
surveys contain information of citizens, including their
households, vehicles and a diary of their trips on a
given day (including each trip’s origin and destination
location, start and end time, trip mode and purpose).
Through checking the data we find that for most data
sets the trip-endpoints are labelled by TAZ code or ZIP
code. Due to the difficulty in converting the codes to
geographic coordinates, we only use the survey data
sets of four U. S. cities (New York, Seattle, Detroit
and the Twin Cities) that contains the information of
trip-endpoint’s geographic coordinates (latitude and
longitude).
We find out and record all trips in terms of the coordi-
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FIG. S2. Comparing the travel distance distributions
generated by different models. (A) London. (B) Berlin.
(C) Prague. (D) Oslo. (E) Copenhagen. (F) Goteborg.
Pdist(r) is the probability of a travel between locations at
distance r.
nates of their origins and destinations from the four data
sets. Table S2 shows the number of trips and some other
data descriptions of the four cities. Figure S4 shows the
zone partition results and the population density distri-
bution of the four cities.
TABLE S2. Data summary of four U. S. cities.
City Survey Year Households Trips Zones
New York 1998 10,971 69,282 3,006
Seattle 2006 4,746 62,277 3,175
Detroit 1994 7,300 53,583 4,056
Twin Cities 2001 8,961 35,469 2,684
B. Prediction results
Figure S5 shows the travel distance distributions pro-
duced by the PWO model as well as the radiation model.
We can see that the PWO model can precisely reproduce
the observed distributions of travel distance, whereas the
prediction results of the radiation model deviate from the
real data. We also compare the travel fluxes between all
pairs of locations produced by both models with the real
data. As shown in Figure S6, we find that the average
fluxes predicted by both models deviate from real obser-
vations to some extent. The prediction errors result from
the low sampling rate in the household travel surveys.
For instance, in New York, there are 3,006 zones and
the travel matrix contains more than 9× 106 elements in
principle. However, the surveys only record 69,282 trips.
In other word, more than 99% of the real travel matrix’s
elements are zeros. In contrast, the travel matrices es-
tablished by the models are always fully filled (although
the values of some elements are very small). Thus the
fluxes predicted by both models inevitably deviate the
insufficient samples of real fluxes. We believe adequate
sampling rate of real fluxes will allow a fair comparison
between reproduced results and real observations to val-
idate our model.
S3. COMPARING THE PWO MODEL WITH
PARAMETERISED MODELS
Since the 1940s, many trip distribution models have
been proposed for predicting human or freight mobility
patterns. The gravity model [S2] and intervening op-
portunity model [S3] are two widely used models among
them. Since both of them rely on specific parameters
estimated in terms of real traffic data to predict mobil-
ity model, we name them parameterised models. A re-
cently presented rank-based model [S4] also belongs to
the parameterised models, although it needs very low in-
put information to reproduce some key characteristics of
human mobility patterns. In this section, we will com-
pare the prediction performance of the PWO model with
those of parameterised models.
A. The parameterised models
(1) The gravity model
The gravity model [S2] stems from Newton’s gravity
law and has many modified versions so far. The original
gravity model has the form
Tij = α
mimj
rβij
, (S1)
where Tij is the travels departed from location i to loca-
tion j, mi and mj are the populations of origin and desti-
nation and rij is the distance between i and j. Although
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FIG. S3. Comparing the observed fluxes with the predicted fluxes. (A-F) Predicted fluxes generated by the PWO
model. (G-L) Predicted fluxes generated by the radiation model.
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FIG. S4. The zone partition and population density
distribution of four U. S. cities. (A) New York. (B)
Seattle. (C) Detroit. (D) Twin Cities. The density function
Φpop(i) represents the probability of finding a travel started
from zone i.
this model has a very similar form with Newton’s gravity
law, the model’s prediction results may violate the origin
constraint Ti =
∑
j Tij and the destination constraint
Tj =
∑
i Tij . To ensure the constraints, one can alterna-
tively use the doubly constrained gravity model [S5]
Tij = AiTiBjTjf(rij), (S2)
where Ti is the total travels departed from location i, Tj
is the total travels arrived at location j, f(rij) is a func-
tion of the distance rij , and Ai = 1/
∑
j BjTjf(rij) as
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FIG. S5. Comparing the travel distance distributions
generated by different models. (A) New York. (B) Seat-
tle. (C) Detroit. (D) Twin Cities. Pdist(r) is the probability
of a travel between locations at distance r.
well as Bj = 1/
∑
iAiTif(rij) are balancing factors that
are interdependent to each other. An iterative process
enables calculating Ai and Bj, but it demands high com-
putational complexity. To simplify the calculation, one
can use the singly constrained versions, either origin or
destination constrained, of the gravity model by setting
one set of the balancing factors Ai or Bj equal to one.
Here we employ the origin-constrained gravity
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FIG. S6. Comparing the observed fluxes with the predicted fluxes. (A-D) Predicted fluxes generated by the PWO
model. (E-H) Predicted fluxes generated by the radiation model.
model [S5] to predict mobility patterns in cities, de-
scribed as
Tij = Ti
mjf(rij)∑N
k 6=imkf(rik)
. (S3)
The distance function f(rij) can be of any forms, such
as power or exponential function. Based on numerical
test, we find that the gravity model with power function
f(rij) = r
−β
ij offers better characterization of the cities’
mobility patterns than the exponential function (see fig-
ure S7 and figure S8). Thus we use the power distance
function, the parameter β of which is estimated by fitting
the real travel data of eight cities.
(2) The intervening opportunities (I. O.) model
The I. O. model [S3] stresses that trip making is not
directly related to distance but to the relative accessi-
bility of opportunities for satisfying the objective of the
trip. The model’s basic assumption is that for every trip
departed from a location, there is a constant probability
p that determines a traveller being satisfied with a sin-
gle opportunity. If a location j has mjΘ opportunities
(we assume the number of opportunities at a location j
is proportional to its population mj), the probability of
a traveller being attracted by location j is αmj , where
α = pΘ.
Considering now the probability qji of not being satis-
fied by any of the opportunities offered by the jth desti-
nations away from the origin i, we can write
qji = q
j−1
i (1 − αmj) (S4)
or
qji − q
j−1
i
qj−1i
= −αmj = −α(Si,j − Si,j−1), (S5)
where Sij is the total population between location i and
j (including i and j). Assuming that the number of des-
tinations is sufficiently large, we can treat q and S as
continuous variables. Then Eq. (S5) can be rewritten as
dqi
qi(S)
= −αdS. (S6)
After integration we obtain
qi(s) =
e−αS
1− e−αM
, (S7)
where M is the total population in the city. Note that
the trip departed from location i to location j is equal to
Tij = Ti[qi(Si,j−1)− qi(Sij)]. (S8)
Combining Eq. (S8) and Eq. (S7), we obtain the I. O.
model:
Tij = Ti
e−α(Sij−mj) − e−αSij
1− e−αM
. (S9)
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(3) The rank-based model
The rank-based model [S4] assumes that the probabil-
ity of an individual travelling from an origin to a desti-
nation depends (inversely) only upon the rank-distance
between the destination and the origin. The model is
described as
Tij = Ti
Ri(j)
−γ
∑N
k 6=i Ri(j)
−γ
, (S10)
where Ri(j) is the rank-distance from location j to i (e.g.,
if j is the closest location to i, Ri(j) = 1; if j is the second
closest location to i, Ri(j) = 2) and γ is an adjustable
parameter.
B. Estimating model parameters
Before applying the parameterised models, it is neces-
sary to estimate their parameters. The goal of the pa-
rameter estimation is to maximise the accuracy of repro-
ducing real mobility patterns by the models. Here we use
Hyman method [S6], a standard method for calibrating
gravity model in transportation planning [S5], to identify
the gravity model’s parameter.
Hyman method aims to find an optimal parameter to
minimise the difference between modelled average travel
distance and real average travel distance
E(β) = |r¯(β) − r¯| =
∣∣∣∣∣
∑
i
∑
j Tij(β)rij∑
i
∑
j Tij(β)
−
∑
i
∑
j Tijrij∑
i
∑
j Tij
∣∣∣∣∣ ,
(S11)
where r¯(β) is the average distance given by the gravity
model with parameter β, r¯ is the real average travel dis-
tance, Tij(β) is the number of travels from zone i to j
generated by the gravity model and Tij is the real num-
ber of travels from zone i to j. It is not easy to solve
the equation E(β) = 0. Hyman suggests that we use the
secant method to address this problem, described by the
following process:
Step 1. Give an initial estimate of β0 = 1/r¯.
Step 2. Calculate a trip matrix using the gravity model
with the parameter β0 and obtain a modelled average
travel distance r¯(β0). Estimate a better value of β by
means of
β1 = β0r¯(β0)/r¯. (S12)
Step 3. Applying the gravity model with the estimated
value of β to calculate a new trip matrix and obtain a
newly modelled average travel distance r¯(β) to compare
with r¯ . If they are sufficiently close to each other, ter-
minate the iteration and accept the newest value of β as
the best estimation; otherwise go to step 4.
Step 4. Improve the estimation of β via:
βi+1 =
(r¯ − r¯(βi−1))βi − (r¯ − r¯(βi))βi−1
r¯(βi)− r¯(βi−1)
. (S13)
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FIG. S7. Comparing the travel distance distributions
generated by two types of gravity models. (A) Beijing.
(B) Shenzhen. (C) Abidjan. (D) Chicago. (E) New York.
(F) Seattle. (G) Detroit. (H) Twin Cities.
step 5. Repeat steps 3 and 4 until r¯(β) is sufficiently
close to r¯.
The estimated parameters of the gravity model, the
I.O. model and the rank-based model by Hyman method
are listed in Table S3 for different cities.
TABLE S3. Estimation of parameter values in three param-
eterised models
City Gravity I. O. Rank-based Avg. travel dis.
β α γ r¯ (km)
Beijing 1.71 5.71×10−6 1.14 5.50
Shenzhen 1.63 3.41×10−6 1.19 4.77
Abidjan 2.43 3.04×10−5 1.36 2.47
Chicago 2.14 2.69×10−4 1.15 9.49
New York 2.28 5.45×10−4 1.20 11.71
Seattle 1.93 2.65×10−4 1.12 8.30
Detroit 2.02 4.59×10−4 1.13 8.94
Twin Cities 1.93 3.56×10−4 1.04 8.15
C. Comparison among different models
(1) Travel distance distribution
Figure S9 shows the travel distance distribution pre-
dicted by different models. We see that both the grav-
ity model and the rank-based model can reproduce the
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FIG. S8. Comparing the observed fluxes with the predicted fluxes. (A-D) Predicted fluxes generated by the gravity
model with power-law distance function. (E-H) Predicted fluxes generated by the gravity model with exponential distance
function.
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FIG. S9. Comparing the travel distance distributions
generated by different models. (A) Beijing. (B) Shen-
zhen. (C) Abidjan. (D) Chicago. (E) New York. (F) Seattle.
(G) Detroit. (H) Twin Cities.
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FIG. S10. Comparing the destination travel con-
straints of different models. (A) Beijing. (B) Shenzhen.
(C) Abidjan. (D) Chicago. (E) New York. (F) Seattle. (G)
Detroit. (H) Twin Cities.
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FIG. S11. Comparing the observed fluxes with the predicted fluxes for three Asian and African cities.
observed distributions of travel distance in most cases,
but the I. O. model’s results have significant deviation
from the real data. Although in some cases the results
of the gravity model (or rank-based model) are better
than those of the PWO model, the gravity model needs
a distance-decay function with adjustable parameters to
match real data, whereas our model relies solely on the
population distribution without free parameters.
(2) Destination travel constraints
Figure S10 shows the destination travel constraints
produced by the models. We see that the results from
the PWO model are in equal or better agreement with
the real data than those of the other models in all cases.
It is noteworthy that the rank-based model shows the
worst performance in this aspect. We speculate that the
fact that the rank-based model do not make use of the
population data at destination locations accounts for the
big difference from real observations.
(3) Travel fluxes between all pairs of locations
We compare the travel fluxes between all pairs of loca-
tions predicted by models with empirical data. As shown
in figure S11 and figure S12, we observe that all the pre-
dicted average fluxes by the PWO model, the gravity
model and the rank-based model are comparable with
the real fluxes to some extent. To give a more explicit
comparison among different models, we use Sørensen sim-
ilarity index as an alternative to measure the degree of
agreement between reproduced travel matrices and em-
pirical observations. Figure S13 shows that on average,
the accuracy of the PWO model is higher than that of
the I. O. model and the rank-based model. Although in
some cases the gravity model can yield better prediction
accuracy than the PWO model, the gravity model needs
parameter values estimated from previous mobility mea-
surements. In contrast, the PWO model only require the
population distribution as input, rendering its applica-
tion scope broader.
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FIG. S12. Comparing the observed fluxes with the predicted fluxes for five U. S. cities.
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S4. RELATIONSHIP AMONG TRIP
DISTRIBUTION MODELS
To deepen our understanding of the underlying mech-
anism in the trip distribution models explored in this
paper, we discuss the relationship among them. We will
first show that, in the particular case of uniform popu-
lation distribution, the PWO, the radiation model, the
I. O. model and the rank-based model can all transform
into gravity-like models. Next, we will show that these
models can be classified into two categories of modelling
frameworks: sequential selection and global selection.
A. Uniform population distribution
Consider a uniform population distribution (i.e. Sji =
ρpir2ij , where ρ is the population density). We can write
the PWO model (Eq. (1) in the main text) as
Tij = Ti
mj(r
−2
ij −
pi
A
)
∑N
k 6=imk(r
−2
ij −
pi
A
)
, (S14)
where A is the area of the city. Comparing with Eq. (S3),
we can realise that Eq. (S14) is actually a gravity model
with the distance function f(rij) = r
−2
ij −
pi
A
. This func-
tion is a power law with a cut-off (see figure S14(A)).
Since the population is not uniformly distributed in real
cities, we can not directly use such distance function in
the gravity model to predict travel fluxes. Alternatively,
we have to estimate its parameters by relying on real
traffic data prior to applying the gravity model. How-
ever, we may directly choose a population function, such
as f(Sji) =
1
Sji
− 1
M
, to be used in the PWO model in
the sense that the heterogeneity of population distribu-
tion has been captured by Sji. Figure S14(B) shows the
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FIG. S14. Distance function and population function.
(A) The distance function f(rij) = r
−2
ij −
pi
A
. A = pi1002.
(B) The relationship between the population Sji and travel
proportion Tij/Ti. Blue circles are empirical data and red line
is the theoretical function (M = 607167).
relationship between the population Sji and the travel
proportion Tij/Ti in Abidjan, which is in agreement with
the population function.
When the population distribution is of uniform distri-
bution (sij = ρpir
2
ij), the radiation model [S7] is reduced
to
Tij ∝ Timjr
−4
ij , (S15)
which is actually a gravity model with a power-law dis-
tance function with power exponent β = 4. Comparing
with the uniform version of the PWO model (having a
power exponent β = 2), the selection scope of an individ-
ual in the radiation model is relatively more local. The
radiation model can characterise the mobility patterns at
the country scale (the estimated power exponent of grav-
ity law in the case of U. S. state-wide commuting trips
is 3.05 [S7], which does not significantly deviate from
4), but it is not applicable to predicting city mobility
patterns. Table S2 shows that the estimated power ex-
ponents of the cities are subject to the range 1.63− 2.43,
quite close to the exponent in Eq. (S14) but different
from that in Eq. (S15).
The I. O. model can be also transformed into a gravity-
like form in the case of uniform population distribution:
Tij ∝ Ti(e
αmj − 1)e−αSij = Ti(e
αmj − 1)e−λr
2
ij , (S16)
where λ = αρpi. The distance function is of high-order
exponential form, implying the lack of long-distance
travel generated by the model. Thus it is not surprise
that the I. O. model usually underestimates long-distance
travels, as shown in figure S9.
The rank-based model uses rank-distance rather than
spatial distance to predict the travels between locations.
When the population are uniformly distributed in cities,
the rank-distance between locations is proportional to the
square of the spatial distance, such that the rank-based
model can be rewritten as
Tij ∝ Tir
−2γ
ij . (S17)
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The distance function in Eq. (S17) is a power law with
the power exponent around 2 (see Table S2). It can thus
yield similar results to the travel distance distribution re-
sulting from the gravity model and the PWO model (see
figure S9). However, in the rank-based model the infor-
mation of population in destination is ignored, rendering
the destination travel constraints inaccurate, as shown in
figure S10.
Taken together, insofar as given uniform population
distributions, the PWO model, the radiation model, the
I. O. model and the rank-based model can presented to
be gravity-like models. Although these models have dif-
ferent hypothesis, they share similar underlying mecha-
nism: the probability that an individual selects a travel
destination is decreased along with the increment of some
prohibitive factors. In the gravity models, the factor is
spatial distance; in the rank-based model it is the rank-
distance; in the I. O. model, the radiation model or the
PWO model, it is the population between origins and
destinations. The key difference lies in the fact that the
gravity model, the I. O. model and the rank-based model
need adjustable parameters to quantify the decrement ef-
fect, whereas in the radiation model and the PWOmodel,
the decrement effect is naturally determined by popula-
tion distribution.
B. Sequential selection and global selection
According to the decision-making process of travellers
for selecting destinations, the frameworks of predicting
mobility patterns can be classified into two categories.
The first category includes the I. O. model and the ra-
diation model, in which each traveller ranks potential
destinations in ascending order according to the distance
to his/her origin. An individual first decides whether
to travel to the first destination in terms of a probability
which is determined by some specific rules (see schematic
in figure S15(B)). If the individual abandons the desti-
nation, the second one will be considered in terms of the
same probability. Analogously, all potential destinations
will be considered step by step until the individual even-
tually decides to travel to a chosen one. We name such
step-by-step decision-making process sequential selection.
The modelling framework can be described in a unified
form:
qji = q
j−1
i (1− θj), (S18)
where qji is the probability of excluding the 1st to jth
destinations departed from the origin i and θj is the prob-
ability of selecting jth destination insofar as the 1st to
(j − 1)th destinations are not selected. Thus, the proba-
bility of selecting j to travel can be expressed in a joint
probability
pij = q
j−1
i θj . (S19)
The I. O. model can be derived by assuming that the
probability θj is proportional to the population of desti-
A B
C
FIG. S15. Schematic description of sequential selection
and global selection. (A) Simplified scenario of destination
selection. Central circle (red) is the origin, other circles are
selectable destinations. (B) The decision-making process of
sequential selection. each traveller ranks all possible destina-
tions in ascending order according to the distance to his/her
origin. An individual first decides whether to travel to the
first destination in terms of some probability If the individ-
ual abandons the first destination, the second one will be
considered in terms of the same probability. Subsequently,
all possible destinations will be considered step by step un-
til the individual decides to travel to the chosen one. (C)
The decision-making process of global selection. a traveller
evaluates the attractions of all possible destinations simulta-
neously and selects a destination to travel with a probability
proportional to the destination’s attraction.
nation j (i.e. θj = αmj). After some calculations, we
finally have
pij =
e−α(Sij−mj) − e−αSij
1− e−αM
, (S20)
which is the probability of selecting destination j de-
parted from i in the I. O. model.
Similarly, assuming that the probability θj is the ratio
of the population of destination j to the total population
Sij between locations i and j, we have
qji = q
j−1
i (1 −mj/Sij) =
∏
j
Si,j−1
Sij
=
mi
Sij
(S21)
and
pij = q
j−1
i
mj
Sij
=
mimj
Si,j−1Sij
, (S22)
which is nothing but the radiation model.
Different forms of probability θj can lead to different
versions of models that are subject to the framework of
sequential selection. For instance, assuming the proba-
bility θj is the ratio of mj to the remaining population
M − Sij +mj , we can have
qji = q
j−1
i (1−
mj
M − Sij +mj
) =
∏
j
M − Sij
M − Sij +mj
=
M − Sij
M
(S23)
and
pij = q
j−1
i
mj
M − Sij +mj
=
mj
M
, (S24)
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which is the uniform selection model [S8].
Note that in the sequential selection models, it is pos-
sible to find that travellers do not select any destinations
to travel unless the system is infinite [S9]. In general, the
probability is pii = 1 −
∑
j pij . In other words, a trav-
eller stays at the origin with probability pii. For the I. O.
model, pii = (1 − e
−αmi)/(1 − e−αM ); for the radiation
model and the uniform selection model, pii = mi/M .
The second category, named global selection, includes
the gravity model, the PWO model and the rank-based
model. In global selection model’s decision-making pro-
cess, a traveller evaluates the attractions of all possible
destinations simultaneously and selects a destination to
travel with a probability proportional to the destination’s
attraction (see schematic in figure S15(C)). The unified
framework can be described as
pij =
Aj∑
j Aj
, (S25)
where Aj is the attraction of destination j. If we solely
use population to capture the destination’s attraction,
the uniform selection model is obtained; if we use some
functions to describe the decay of attraction along with
the increase of (real or rank) distance, we can obtain the
gravity or the rank-based model (see Eq. (S3) and Eq.
(S10)); if the attraction is inversely proportional to the
population between destinations and origins, the PWO
model is derived.
Despite the difference between the two modelling
frameworks, both sequential and global selection mod-
els imply the preference for closer destinations in human
travel decision-making: in sequential selection model, a
closer destination has a higher priority to be selected; in
global selection model, the attraction of a closer destina-
tion decays slowly than that of a farther one. Although
both frameworks capture the decision-making process of
travellers to some extent, our comparison study (figure
S9-S13) demonstrates that at the city scale, global se-
lection models perform better than sequential selection
models.
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